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Abstract: In emergency scenarios, such as a terrorist attack or a building on fire, it is desirable to
track first responders in order to coordinate the operation. Pedestrian tracking methods solely based
on inertial measurement units in indoor environments are candidates for such operations since they
do not depend on pre-installed infrastructure. A very powerful indoor navigation method represents
collaborative simultaneous localization and mapping (collaborative SLAM), where the learned maps
of several users can be combined in order to help indoor positioning. In this paper, maps are estimated
from several similar trajectories (multiple users) or one user wearing multiple sensors. They are
combined successively in order to obtain a precise map and positioning. For reducing complexity,
the trajectories are divided into small portions (sliding window technique) and are partly successively
applied to the collaborative SLAM algorithm. We investigate successive combinations of the map
portions of several pedestrians and analyze the resulting position accuracy. The results depend on
several parameters, e.g., the number of users or sensors, the sensor drifts, the amount of revisited
area, the number of iterations, and the windows size. We provide a discussion about the choice of the
parameters. The results show that the mean position error can be reduced to ≈0.5 m when applying
partly successive collaborative SLAM.
Keywords: indoor navigation; pedestrian dead reckoning; simultaneous localization and mapping;
FootSLAM; collaborative mapping; professional use cases
1. Introduction
In indoor emergency scenarios, the first responders usually arrive by emergency vehicles and
small teams of them enter a building without knowing the floorplan. At the same time, the commander
of the first responders on sight needs to know the positions of the first responders inside the building
to coordinate their actions. Examples for such scenarios are a building on fire or policemen operations
in the case of a hostage-taken, a rampage, or a terror attack. In addition to the coordination of the team
members, the knowledge of the positions and the activities of the first responders are additionally
desired for the case that a first responder needs help or needs to be rescued. For instance, in the
case of a fire, this information would help if an injured firefighter in operation needs assistance.
With the knowledge of the position, the injured firefighter can easily and quickly be found. For the
above-mentioned applications in professional use cases, an infrastructure-less, ad-hoc applicable
indoor navigation system has to be developed.
Indoor pedestrian navigation that cannot rely on signals of opportunity like wireless fidelity (WiFi),
iBeacons, ultra-wideband (UWB), or radio frequency identification (RFID) is still challenging [1–4].
Inertial navigation is a promising solution; but, it suffers from a remaining drift due to integration of
sensor measurement errors. In widespread scenarios like navigation in shopping malls and airports,
the above-mentioned infrastructure for indoor navigation might be available; but, this surely will
not be the case consistently in every building and especially not in tunnels or mines. In addition,
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depending on the operator of the building different infrastructure solutions in different buildings will
not ease the indoor navigation problem. Therefore, techniques that are not dependent on pre-installed
infrastructure and which are able to provide accurate positioning in all situations are preferable.
In emergency situations, after arriving, several emergency forces enter the building usually in
groups. These groups follow a special formation like it is the case for special police forces who enter the
building in groups of 6–8 persons in different (mostly confident) formations depending on the situation
in the crime. In this special case, the group usually stays together when entering the building and they
walk a similar path until they get another order. The focus of the paper is collaborative simultaneous
localization and mapping (SLAM) which makes use of the fact that several pedestrians follow similar
paths for learning a map of the environment and for simultaneous positioning. In our collaborative
SLAM approach, the maps are collected, combined iteratively, and used as prior information for
better positioning.
Instead of collecting the maps from different users, we can also mount multiple sensors on
one pedestrian (or emergency force) and calculate the (different) trajectories of multiple sensors.
The trajectories differ due to the varying drifts of the sensors depending on the actual measurement
errors. It was observed that the drifts of the sensors vary in a similar way as it is the case for different
walks. From these trajectories, we can estimate individual maps and combine them with collaborative
SLAM. The advantage of this is that we surely know that the trajectories should be the same.
In this paper, we investigate collaborative SLAM solely based on inertial data either resulting
from a number of pedestrians (or rescue personnel) that are entering an unknown building and that
are following similar paths—or resulting from one pedestrian (or emergency force) wearing multiple
sensors. The collaborative SLAM applied in this paper is the so called FeetSLAM algorithm [5,6].
The FeetSLAM algorithm is applied in a new partly successive way which enables a fast combination
of small portions of the walks, and reduces the complexity of the successive FeetSLAM algorithm [7].
We analyze the position accuracy depending on different parameters like the number of users,
the number of iterations, and the window size. We show that the position accuracy is enhanced
from the beginning on and we do not necessarily need a loop closure. Without a loop closure or a
revisited area, the position accuracy is usually poor in SLAM algorithms. It should be noted that the
communication part and the starting position determination is not a focus of the paper and is foreseen
for future research.
The paper is organized as follows: After describing a review of the state-of-the-art of collaborative
SLAM in Section 2, the pedestrian navigation system is introduced in Section 3. In this section, first the
single-user pedestrian dead reckoning (PDR) and the cascaded SLAM systems are shortly presented
followed by the description of the collaborative, multi-user FeetSLAM. In Section 4, the new partly
successive collaborative FeetSLAM algorithm is explained. The conducted experiments and their
results are described in Section 5. Finally, Section 6 is devoted to conclusions and presents an overview
of future work.
2. Collaborative Mapping: State-of-the-Art
The varying solutions for collaborative SLAM that can be found in the literature mainly differ
depending on the type of sensors used and on the application foreseen. In the field of robotics,
the idea of collaborative mapping already came up in the last decade of the last century [8].
In the meantime, the SLAM algorithm was developed [9], and with it the possibility of merging
the maps from multi-robots/agents, that is a straightforward continuation but is not yet fully
investigated. In [10], five different multi-robot SLAM solutions are examined and compared. Different
SLAM solutions are presented in [11], where a comprehensive review of the state-of-the-art on
multi-robot SLAM is given. Here, the problems of multi-robot SLAM are highlighted considering
also communication, representation, and map merging. A first collaborative SLAM with multiple
cameras moving independently in a dynamic environment is presented in [12] in the field of visual
sensor localization [13]. In this work, the map includes 3D positions of static background points and
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trajectories of moving foreground points. The position uncertainty of each map point is stored in
the map. The authors of [14] extended this visual SLAM system with inertial data. In addition,
a client–server structure for collaborative SLAM with visual-inertial data and monocular data
are examined.
In [15], a collaborative system for unmanned flight vehicles is proposed. Here, the authors apply
an extended Kalman filter SLAM (EKF-SLAM) algorithm using different kinds of sensors such as
inertial, global positioning system (GPS), vision, and radar/laser sensors, and exchange the map in a
decentralized way. In a decentralized system, an efficient map representation is a main requirement
because usually the communication bandwidth is limited. In [16], the RFID memory is exploited for
exchanging information in a decentralized SLAM for pedestrians using PDR and RFID techniques.
A more general survey on the current state, different aspects, and the future directions of SLAM
techniques can be found in [17]. In addition to a comprehensive review of the state-of-the-art in SLAM
methods, it provides also a review of the state-of-the-art in collaborative mapping. The authors claim
that the SLAM method chosen is dependent on the application and that besides pure place recognition
or landmark detection, additional metric information makes the system more robust. This makes the
SLAM algorithm itself reasonable in unknown areas.
In this work, we take into consideration a collaborative SLAM technique that is designed for
pedestrians and especially useful for emergency forces. This system works also in global navigation
satellite system (GNSS) denied, infrastructure-less indoor areas. The references in the literature
mainly deal with collaborative mapping for robots, vehicles, or unmanned aerial vehicles, but not
for pedestrian navigation in professional use cases. The only reference that deals directly with
pedestrians is the already mentioned decentralized collaborative SLAM proposed in [16], which is
not infrastructure-less. Camera solutions are not appropriate in the case of fire because of the dusty
environment, and lidar and radar solutions need to scan the whole environment in advance and
usually represent a higher computational effort. Therefore, we apply in this paper a system where the
pedestrian only needs to wear one or several inertial measurement unit (IMU) devices for determining
the pedestrian’s position. This system does not exclude the use of other sensors like e.g., lidar or radar,
or signals of opportunity, because it is already a sensor fusion approach.
Since the positioning with inertial data results in a relative position, the starting conditions (SCs)
need to be known. For instance, they can be obtained via GNSS data or a UWB system outside
the building, e.g., mounted stationary on the truck. Emergency forces arrive usually by emergency
vehicles; therefore, the assumption of entering the building from outside holds for them in any case.
In this paper, we additionally investigate the results for multiple sensors worn by a single user
instead of combining the trajectories of multiple users. Many studies on using sensor arrays for
getting better performance can be found in the literature. In [18,19], a review of the state-of-the-art in
the field of sensor arrays and a maximum likelihood based measurement fusion method including
performance evaluation via the Cramér–Rao bound is elaborated. In contrast to the works on sensor
arrays, where usually raw data fusion is considered, the sensor errors are analyzed, a better calibration
is achieved, and the sensor constellation is optimized. We combine the already calculated trajectories
(the outcome of the PDR) in an efficient, collaborative way in order to reduce the remaining drift.
This does not exclude enhancements of the underneath PDR—which surely enhances also the upper
SLAM. The aim of the work was reducing the remaining drift (that exists also after enhancing the
underneath PDR) in a collaborative way in order to assure the final position estimates.
Different from SLAM methods given in the literature, the FeetSLAM-algorithm, which is used
in this paper and which builds upon FootSLAM [20], is based on a hexagonal probabilistic transition
map. The advantage of using a hexagonal map is that the map representation is very effective. In [21],
it has been estimated that, when using a FootSLAM transition map representation, a building with
a floor surface of 104 m2 needs only 40 kB memory and the indoor areas of the world would need
200 gigabytes of memory. Efficient map representation especially for collaborative visual SLAM is an
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issue elaborated in the literature [22] and should be considered when designing a collaborative SLAM
system having in mind the data amount to be transmitted.
Another advantage of FootSLAM is the possibility of handling dynamic objects. In [23],
the authors distinguish between static and dynamic objects in order to aid their system.
In FootSLAM, the map is based on a probabilistic map, where the hexagon transitions are counted.
Whenever a pedestrian is hindering the movement of a pedestrian only temporarily, another—but
possible—transition is counted. When using the walks of many pedestrians inside the building
together or measuring a long time for building the map, the transitions in the temporarily occupied
area are nevertheless counted and probably counted more often so that the dynamic object—which is
the hindering pedestrian—does not have a strong influence on the map. For example, when a group
of pedestrians enters the building, having to sidestep at different locations for instance because of
an escaping person, FootSLAM will nevertheless learn the main path through the corridor, if the
remaining pedestrians pass the main path. The learned map can then be used for localizing further
pedestrians like another group of emergency forces entering the building. FootSLAM also observes
changes in the room structure in a building. The algorithm learns the transitions, and whenever a
transition is new or not counted anymore, the algorithm will learn the new situation. Contrary to using
available floorplans for restricting the movement of the pedestrian, that should always be up-to-date,
FootSLAM will learn the map even when there are changes in the map.
3. Overview of the System
3.1. Pedestrian Dead Reckoning (PDR)
The trajectory of a single user is estimated from inertial data via a zero velocity update (ZUPT)
aided unscented Kalman filter (UKF) [24]. The measurement data coming from the IMU, namely 3D
accelerometer and 3D gyroscope data, are used as input to the UKF, which estimates 15 states:
orientation, position, velocity, and gyroscope biases and accelerometer biases (each of them in three
dimensions). In order to obtain the orientation in navigation frame, a strapdown algorithm is applied.
The attitude estimation from the UKF is fed back to it for orientation correction. The PDR filter can
also be exchanged by another PDR system; for instance, a pocket navigation system [25]. The 100 Hz
measurement data (3D accelerometer and 3D gyroscope data) can be reduced to 1 Hz position and
orientation data which are enough for the following SLAM algorithm to estimate a map of walkable
areas and to enhance positioning. In our approach, we send the data when a certain distance (e.g., 1 m
is usually enough for FootSLAM) is reached, but also update the positions every second during
standing. Please refer to [24] for a comprehensive description of the PDR applied in this paper.
3.2. Simultaneous Localization and Mapping (SLAM)
The positions and orientations from the PDR are fed to the FootSLAM algorithm. FootSLAM
estimates a hexagonal transition map during the walk indicating walkable areas. The FootSLAM
algorithm is not restricted to sensors mounted on the foot. It can handle a drifted trajectory from a
sensor at any location of the body. In [26], it has been shown that the algorithm is also applicable to
sensors mounted in the pocket.
In FootSLAM, each edge of a hexagon of the hexagonal grid map represents a transition counter.
During the walk, the edge transitions are counted and the transition counts are used for weighting the
particles according to the estimated transition map. FootSLAM is based on a Rao blackwellized particle
filter (RBPF) which leaves open the opportunity to fuse other sensors, if available. A comprehensive
description of FootSLAM can be found in [20].
3.3. Collaborative SLAM: FeetSLAM
In FeetSLAM, the outputs of several PDRs are collected and combined based on a collaborative
map learning process in order to obtain a better map for the next walk through the building. This can
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be done in an iterative way [5,6], which is shortly recapitulated next. Comprehensive information on
FeetSLAM can be found in [5,6,27].
In the following, the trajectory of a pedestrian is called a data set. Different data sets, i.e.,
several trajectories, are applied to FeetSLAM in a first iteration without any prior knowledge for
estimating a first set of environmental maps (for each data set we obtain an individual map). A general
assumption in FeetSLAM is that the maps are rotational invariant. “Rotational invariant” means
that depending on the sigma used for the starting heading—a higher sigma, i.e., diversity, helps
reach convergence—the final SLAM might converge to a map that is rotated to the assumed SCs,
but better in performance. The estimated maps can then be combined so that they fit best either with a
geometric transformation [5,6] or a Hugh transform [27] reducing the complexity from quadratic to
linear. The same transformation that is used for merging the maps is applied to the SCs. In [27], it has
been shown that the map combination is successful with individual converged maps of a whole area
or reasonable parts of that area.
In the next iteration of FeetSLAM, the merged posterior maps are used as prior maps. It is
worth noting that the prior map for a specific data set in the next iteration is the combination of the
resulting posterior maps of every data set except the specific data set over which FeetSLAM is actually
performed. The map of the specific data set is excluded intentionally when calculating the prior map
to prevent favoring the specific data set. FeetSLAM iterates in this way several times until a good
estimation is found. When taking into account the crossed wall ratio, it has been shown that this ratio
does not change much after 10 iterations [6].
The transformation part of FeetSLAM is very computationally complex. Therefore, it is omitted in
this paper which facilitates real-time operation. All other estimated maps, except the specific data set,
are merged and directly applied as prior map without transformation. Contrary to the assumption that
the maps are rotational invariant, we assume that the initial direction and position are known from the
SCs and that FeetSLAM estimates the direction of the maps precisely so that the transformation of the
map is unnecessary.
4. Partly Successive Collaborative FeetSLAM
4.1. Partly Successive Collaborative FeetSLAM Algorithm
When starting to explore the unknown building, it is very unreliable that emergency forces
revisit areas inside the building, which is usually necessary for correcting the map provided by SLAM.
Therefore, the estimated map is uncertain and the estimated position of the best particle is not very
accurate due to the fact that the SLAM algorithm was not yet able to efficiently learn the environment
for restricting the drift (see also [7]). Therefore, in this paper, the collaborative SLAM approach is
applied partly successively with a sliding window technique. The idea of successive FeetSLAM
has been already presented in [7]. Based on this idea, a new approach is developed in this paper
which is called partly successive FeetSLAM. The advantage of this new approach is that it is less
computationally complex and, therefore, more applicable for real-time operations.
In the original FeetSLAM algorithm, the converged maps of whole data sets are combined.
In contrast to this and also to successive FeetSLAM, we apply FeetSLAM only partly successively
without having to run the algorithm over the whole trajectory again. For this, we divide the walks
into overlapping windows and apply FeetSLAM only on small portions of the walks. By applying
FeetSLAM partly successively, the drift can be reduced because the information of several sensors
is used together. The drift is small after a short distance of walking, and correcting the drift directly
after short distances leads to a better overall performance. Since we use delta step and heading
measurements as inputs to FeetSLAM and no absolute positions, we can directly apply them to partly
successive FeetSLAM.
A schematic illustration of partly successive collaborative FeetSLAM is given in Figure 1.
Before starting FeetSLAM, the data sets are divided into overlapping windows. In our implementation,
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we divided the odometry data depending on the distance traveled: After a certain distance (5 m in our
case), the time of reaching that distance is stored in a m-dimensional time vector td = {t0, . . . , tj, . . . , tm},
where tj is the time of reaching j · d [m]. The windows over the n data sets Dl , l = 1 . . . n are generated
in the following way:
w(j−s:j) = wj =
 Dl(t0:tj) ∀ j < sDl(tj−w :tj) ∀ j ≥ s , (1)
where s is the window size and s ≥ 2. The last window ends with the maximum duration tmax of the
data set. For each window wj of data sets Dl , l = 1 . . . n partly successive FeetSLAM iterates imax times.
Figure 1. Schematic illustration of partly successive FeetSLAM.
The SCs SCli0 for data set l at iteration i0 that are used as input parameters to the original
FeetSLAM algorithm are the following:
SCli0 (t0) = (plx (t0), ply(t0), plz(t0), αl(t0), fsl (t0), σplx (t0), σply (t0), σplz (t0), σαl (t0), σfsl (t0)), (2)
where plx (t0), ply(t0), plz(t0) are the initial x, y, z-positions, αl(t0) is the heading, and fsl (t0) is
the scale factor for data set l at starting time t0, respectively. The respective uncertainties of the
SC-values are described via the associated sigma values σplx (t0), σply (t0), σplz (t0), σαl (t0), and σfsl (t0).
The distributions for the starting values are assumed to be Gaussian distributions with respective
sigma values.
In this paper, we assume to know the SCs at t0 for all data sets. Therefore, for the first window(s)
wj, j < s the SCs are known, because they start at t0. Since with j ≥ s the SCs are not known, the SCs
at different starting times of the windows are estimated and stored during the run over the previous
window. More specifically, the SCs SC
wj
li0
for window wj, j ≥ s of data set l at iteration i0 are the
x, y, z-positions, heading, and scale factor from the results of FeetSLAM over the previous window
wj−1 at times tj−s:
SC
wj
li0
(tj−s) = SC
wj−1
limax
(tj−s) . (3)
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In the following, for simplicity, we omit the index l. With this, the SCs for a new window wj at iteration
i0 that are used in partly successive FeetSLAM can be written as:
SC
wj
i0
(tj−s) = (p
wj−1
x,imax (tj−s), p
wj−1
y,imax (tj−s), p
wj−1
z,imax (tj−s), α
wj−1
imax (tj−s), f
wj−1
simax (tj−s),
σ
wj−1
px,imax (tj−s), σ
wj−1
py,imax (tj−s), σ
wj−1
pz,imax (tj−s), σ
wj−1
αimax
(tj−s), σ
wj−1
fsimax
(tj−s)) . (4)
In our implementation, we store the position and heading of the best particle at times tj−s during
the last iteration imax over window wj−1 for using them as SCs for the next window wj at iteration i0.
The SCs for the subsequent iterations are determined in the same way as in the original FeetSLAM
algorithm described in [6].
FeetSLAM itself iterates imax times over the respective window of all data sets. In addition to the
SCs and the windowed data sets, a prior map is used as input to FeetSLAM if available. In the first
iteration, no prior map is available. In partly successive FeetSLAM, similarly no prior map is available
for the first window w1. For all successive iterations we are able to use a combination of the estimated
posterior maps from the previous iteration as in the original FeetSLAM algorithm. More specifically,
at each iteration i of FeetSLAM applied to the windows wj of all n data sets, the resulting posterior
maps (M
wj
1i
, . . . , M
wj
ni ) are combined in the same way as in the original FeetSLAM algorithm to a prior
map M
wj
pli
, l = 1 . . . n, where the map of the respective specific data set is intentionally excluded in the
combination process. The prior map M
wj
pli
is then applied to data set l in the next iteration.
When calculating partly successive FeetSLAM over a new window wj, the calculated prior map
M
wj−1
plimax
of the last iteration of the previous window is used for the first iteration i0 of window wj.
In addition to that, after the first iteration i0 the total combined posterior map at iteration imax of
the previous window wj−1 is additionally combined with the respective estimated posterior maps
of the current window wj for generating the prior maps for the next iteration. This assures that the
already walked area from the previous window is included in the following prior maps. Since this is
done for every window, the resulting prior map contains walked areas from all previous windows.
Without adding the map of the previous window, the resulting prior/posterior maps represent only
walked area of the current window.
4.2. Adjustment of the First Heading Angle
It has been observed that the estimated trajectories based on the measurements of the six sensors
slightly differ in the first heading angle. This is because the sensors provide only a relative position
and the sensors may be mounted with a small heading error—in our experiments the sensors might be
mounted with different small errors with regard to zero heading—so that the starting heading differs.
Whereas the z-direction can be estimated via the gravitational force, there is no possibility to adjust
the heading of the sensor in terms of the first heading. For suppressing this effect, the first angle is
adjusted to the known starting direction. This is done by the following algorithm: The first 2–3 steps
are assumed to be on a straight line in the direction given by the SCs. If the estimated heading differs
from that straight line, the angle offset is calculated and subtracted from the estimated angle in the
following. With this, the starting headings of all trajectories of the different sensors are corrected.
For correcting the starting heading, we used the following formula:
∆αl(t0) = arctan(δyl /δxl ) , (5)
where ∆αl(t0) is the heading angle correction for data set l, assuming a starting heading of αl(t0) = 0◦,
and δxl , δyl are the differences between the xl0 , yl0-values at the starting point and xld , yld -values at a
certain distance d, respectively. In our simulations, we used a distance of 1.5 m, because, later in the
real experiments, we crossed at the beginning two ground truth points (GTPs) that were in the starting
direction with a distance of 1.6 m.
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5. Experimental Results
5.1. General Settings
In our experiments, we collected data of different walks with a total of 6 sensors mounted on the
foot of one pedestrian as depicted in Figure 2. It has been shown that the ZUPT-phase lasts the longest
above the toes of the foot; therefore we used this placement. Our vision is to integrate the sensor in the
sole of the shoe, but other placements like the ankle of the foot are also possible. The placement of the
sensors should be carefully chosen due to the fact that sensor misplacement influences the ground
reaction force estimation as shown in [28] and with it the results of the PDR. Due to the fact that the
sensor measurement errors vary and the ZUPT detection varies with the measurement errors, too,
we observed varying drifts similarly to drifts of trajectories from different pedestrians like in [29].
Therefore, we are convinced that the results are similar when using trajectories of different pedestrians.
It should be noted that we use general parameters for a sensor type inside the UKF and do not need
to specifically calibrate.
During the walk, we crossed several GTPs for providing a reference. For the indoor GTPs,
the positions of the GTPs were measured with a laser distance measurer (LDM, millimeter accuracy)
and a tape measurer (sub centimeter range accuracy), whereas outdoors we used a Leica tachymeter
as described in [30].
(a) (b)
Figure 2. Six Xsens sensors mounted on the foot of the pedestrian; (a) top view and (b) front view of
the 6 sensors.
The GTPs used in the ground floor are depicted in Figure 3. The pedestrian started at different
starting points in front of the building to emulate a group of emergency forces entering a building
in triangle formation with a distance of 0.8 m between the forces. This is assumed as a sample
formation. Depending on the situation, special forces are grouped in different formations, e.g.,
triangle or line formations. We chose the triangle formation because it is more challenging due
to the different starting headings. When entering the building, the forces are assumed to be behind
each other because the door and corridors leave no space for entering together at the same time in
that formation. When not otherwise stated, the GTPs depicted in Figure 3 are used in the following
order: S1, A1, M1, C1, M1, M2, C2, M2, A1, S1. When we started from another starting point than
S1, we crossed additionally the respective starting point at the beginning and end of the walk.
The points S1 and A1 are used for the adjustment of the first heading angle. As mentioned before,
the distance between S1 and A1 was 1.6 m. The path was intentionally chosen without entering rooms,
because entering and exiting rooms result in loop closures that help the SLAM to perform better.
We wanted to test the longest way inside the building without loop closures. The pedestrian stopped
at the GTPs for 2–3 s and the time when passing the GTP is logged.
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The total number of walks was 10 which resulted in a total of 60 trajectories. The pedestrians
walked 3.8–7.4 min with estimated distances of 137–226 m. In the first two walks, the trajectories
inside the building are repeated. Additionally, to test the algorithm for the motion mode “running”,
we performed 3 running walks with 6 sensors mounted on the foot following the same trajectory
resulting in 18 different estimated trajectories. The duration of the walks was 1.9 min and the estimated
distances 136–139 m. The six sensors used are one Xsens MTi-G sensor, three new Xsens MTw sensors,
and two elder Xsens MTw sensors. The raw IMU data are processed by a lower UKF [24] and the
following parameters are applied to the upper FeetSLAM-algorithm: 10.000 particles and 0.5 m for the
hexagon radius.
End of corridor
End of corridor
Start/End points
Middle GTPs
0 68
17
0
x[m]
y[m]
C2
C1
M1
M2
M1
A1
S1
Figure 3. Building layout of the ground floor of our office building. The ground truth points (GTP)
used are marked in different colors. Several starting points—marked in red—are used to emulate a
group of pedestrians or emergency forces entering the building. The dotted arrows/lines represent the
starting/walking direction.
For the SCs, we set the following parameter values: Depending on the window, the mean
x, y-positions and heading are either the known starting position or the respective positions of the
best particle. The only parameter that we manually set was the mean scale: We set it to 1.0 for the
sensors Xsens MTi-G and MTw, old generation, because they are properly calibrated by the factory
and already provide a good estimation in x, y-distances. The new generation Xsens MTw-sensors,
which are cheaper, are not factory calibrated as of our knowledge. We observed that we had to adjust
the mean scale to 1.02 for all of them in order to get comparable results.
The sigma values of the SCs used in the experiments are given in Table 1. For windows starting at
t0, we set the sigma values to be zero to force the particles at the beginning to that position, direction,
and scale. This does not mean that the particles have same position, heading, and scale at the beginning,
because after initialization, we sample from the FootSLAM error model and add the drawn error vector
to the initial position, heading, and scale. We refer the reader to [27], page 37, where a comprehensive
description of the error model is provided. For the windows starting after t0, we set the sigma values to
fixed values as given in Table 1. Due to the fact that the sigma values of the best particles are sometimes
very high and lead to disturbed results, we set most of the sigma values to fixed values in order to
provide a reasonable position and heading of the particles. The sigma values for the x, y-positions are
set with a small sigma because the position of the best particle might be inaccurate. The same holds for
the heading-angle. We set the sigma-scale value to zero because of the good estimations of the UKF
regarding the delta step measurements. Please note that we used these sigma values only for the first
iteration of window wj. After that, we set all sigma values to zero.
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Table 1. Sigma values of the starting conditions (SC) for the first iteration of window wj.
σpx σpy σα σ fs
SC
wj
i0
(t0) ∀ j < s 0.0 0.0 0.0 0.0
SC
wj
i0
(tj−s) ∀ j ≥ s 0.1 0.1 2.0 0.0
In the following, we explain the different error metrics that are used in the experimental results
sections. The 2D-error el of data set l at the hth GTP gh, h = 1, ...ng, where ng is the number of GTPs,
is calculated as the Euclidean distance to the known GTP:
el(gh) =
√
(pxgh − pˆxgh )2 + (pygh − pˆygh )2 , (6)
where px/ygh
are the known and pˆx/ygh
are the estimated x, y-positions at GTP gh, respectively.
The mean error value e¯ is the mean over all n mean error results e¯l = ∑
ng
h=1 el(gh) of the n data sets:
e¯ =
n
∑
l=1
e¯l/n . (7)
The maximum error emax is the maximum over all maximum errors of the n error curves of the different
data set results:
emax = max
l
(max(el)) . (8)
It reflects the maximum error that may occur in one of the results for one data set.
It should be noted that we used in this paper 2D-FeetSLAM. Whereas it has been shown that the
system also runs for 3D-environments, we concentrated in this paper on the 2D-case to show that it
works. We are convinced that the algorithm performs similar in 3D-environments. In future work,
we will extend it to 3D environments.
5.2. Experimental Results for Multiple Sensors
Figures 4 and 5 show the error performance over time and resulting tracks for partly successive
FeetSLAM, respectively, for one of the 10 outdoor to indoor walks. The times for windowing were
taken when passing 5 m of traveled distance measured with the first sensor. One can see that the error
remains stable between 0 m and 1 m, and the mean error is below 0.5 m. The highest values are at
the end of corridor C2. The heading drift causes sometimes higher errors at the end of the corridors.
This is especially the case when the varying drifts of the six sensors do not compensate each other.
Note that the errors at the end of the walk tend to be smaller due to the fact that the area is walked
again and we return to the starting point at the end of the walk. This is because the accuracy of the
estimated path is better at the beginning of the walk and FeetSLAM converges to it.
The mean position error and the maximum error values of all 10 multi-sensor walks are given in
Table 2 for different window sizes. The results show that it is better to choose a larger window lengths
s > 2. The window length s = 2 seems sometimes to be too small in order to correct the drift. This is
especially the case for walk 7 where we realized a high maximum error that might cause problems
afterwards—for instance when using the estimated map as a prior map. The SCs of the best particles
are sometimes not reliable especially regarding the heading angle. With a higher window length,
the particles are forced to be on the previous paths for a longer time and, therefore, it is more probable
that the path is followed. This holds especially for the difference between s = 2 and s = 3. Compared
to that, the difference between window lengths s = 3 and s = 4 is only small. In the following,
we have chosen a window length of s = 3, which also means lower computational complexity than a
window length of s = 4.
Table 2 shows the results for FeetSLAM computed over the whole walk and successive FeetSLAM
without windowing. One can observe that FeetSLAM provides mean values that are always below
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0.5 m and the maximum error is only once slightly over 1 m. The advantage of original FeetSLAM is
that for long walks with loop closures, the estimated path is calculated considering the whole path
history. Therefore, better convergence can be found in the case of loop closures. These are not real-time
results: We obtain the results after performing FeetSLAM over the whole walk(s). FeetSLAM in the
original form cannot be applied in real-time, whereas FootSLAM and partly successive FeetSLAM
can be applied in real-time. If we apply FootSLAM in real-time, we obtain much worse results
especially when exploring a new area (see also [31], Figure 6.10, results for using no prior information).
With partly successive FeetSLAM, we obtained on average slightly worse results than FeetSLAM,
but we obtain them from the beginning on. One main goal of this paper was to provide accurate
real-time results in indoor environments.
Figure 4. Error performance of partly successive FeetSLAM for one walk with 6 sensors mounted on
the foot. The window size was 3 and the number of iteration was 3. The results are always below one
meter and the average result over all six data sets was 0.34 m.
Figure 5. Resulting tracks after performing partly successive FeetSLAM for one walk with 6 sensors
mounted on the foot. The window size was 3 and the number of iteration was 3.
The results for successive FeetSLAM are worse than for partly successive FeetSLAM (s = 3).
This is especially the case when the trajectories suffer from similar drifts that can mainly be seen in
higher errors emax. Then the results are forced to the average drift. Revisiting areas, that helps in the
case of collaborative FeetSLAM does not help in this case because we are already forced to that drift
(the drifted map is already learned). This effect is strongly reduced with partly successive FeetSLAM
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because we do consider only portions of the walk that will be corrected directly and we do not rely on
the whole paths. This is the main advantage of the windowing in partly successive FeetSLAM.
Table 2. Mean position error e¯ and maximum error emax of 10 different walks with 6 sensors mounted
on the foot for partly successive FeetSLAM for different windows lengths, successive FeetSLAM,
and pure FeetSLAM computed over the whole walk. The number of iterations was 3. The maximum
error is depicted in brackets.
Walk Window Length Successive
Number s = 2 s = 3 s = 4 FeetSLAM FeetSLAM
1 0.40 (0.72) 0.43 (1.10) 0.40 (0.76) 0.40 (0.75) 0.40 (0.74)
2 0.37 (0.77) 0.51 (0.83) 0.48 (0.82) 0.65 (2.01) 0.41 (0.77)
3 0.48 (1.38) 0.37 (1.46) 0.23 (0.64) 0.41 (1.67) 0.31 (0.57)
4 0.30 (0.59) 0.22 (0.64) 0.32 (0.65) 0.31 (0.63) 0.34 (0.67)
5 0.45 (1.69) 0.21 (0.48) 0.21 (0.50) 0.35 (1.54) 0.44 (0.80)
6 0.46 (1.50) 0.45 (1.04) 0.43 (1.84) 0.68 (1.23) 0.28 (1.05)
7 0.71 (2.32) 0.26 (0.67) 0.27 (0.74) 0.66 (2.32) 0.25 (0.68)
8 0.63 (1.81) 0.57 (1.30) 0.58 (1.27) 0.49 (1.66) 0.40 (0.92)
9 0.25 (1.13) 0.34 (0.84) 0.33 (0.84) 0.31 (1.05) 0.18 (0.44)
10 0.35 (1.05) 0.26 (0.56) 0.25 (0.55) 0.41 (0.77) 0.37 (0.78)
Table 3 shows the mean and maximum errors for the 10 walks with 6 sensors mounted on the
foot for partly successive FeetSLAM as a function of different iterations. The values for i = 3, s = 3 are
already given in Table 2 and can be compared to it. From this table, one can see that zero iterations
do not help to provide good results because we do not use any prior information at all and the
windowing does not allow FeetSLAM to correct the drift, which would be the case when using
single-user FootSLAM over the whole walk. Therefore, iterations are as expected necessary for drift
correction in partly successive FeetSLAM. The results are best for i = 3; therefore, we choose this value
for further results. For more iterations, especially for drifted trajectories of same directions, the drift
enlarges because FeetSLAM learns more and more the drifted trajectory. This strongly depends on the
drift of the walks used. If there are more walks with a drift in one direction, this effect is higher.
Table 3. Mean position error e¯ and maximum error emax (in brackets) of 10 different walks with
6 sensors mounted on the foot for partly successive FeetSLAM with different number of iterations i.
The window size s was 3.
Walk Iteration Numbers
Number i = 9 i = 6 i = 1 i = 0
1 0.51 (1.89) 0.48 (1.58) 0.45 (1.41) 1.20 (20.59)
2 0.47 (0.83) 0.47 (0.83) 0.51 (0.83) 1.53 (8.08)
3 0.33 (1.18) 0.38 (1.51) 0.54 (1.95) 0.50 (1.80)
4 0.29 (0.63) 0.29 (0.63) 0.37 (0.62) 0.52 (2.63)
5 0.21 (0.48) 0.21 (0.48) 0.22 (0.55) 0.33 (0.71)
6 0.54 (0.99) 0.54 (0.96) 0.46 (0.95) 1.88 (7.46)
7 0.42 (1.07) 0.42 (1.06) 0.57 (1.70) 1.17 (5.55)
8 0.57 (1.32) 0.57 (1.32) 0.60 (1.38) 1.09 (10.08)
9 0.34 (0.84) 0.34 (0.84) 0.34 (0.84) 1.31 (15.66)
10 0.26 (0.56) 0.26 (0.56) 0.25 (0.60) 0.89 (5.03)
5.3. Experimental Results for Multiple Users
For emulating the multi-user case, we used a trajectory combination from 8 of the 10 multi-sensor
walks that were starting at different starting points (see also Figure 3). Since the first 2 walks are
repeated walks, we used the remaining 8 walks following similar paths. From each of the 8 walks,
we used the trajectory of a different sensor and we alternated the sensors used so that we obtained
6 data set combinations comprising walks starting at 8 different points. It should be noted that the
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times for the windows differ now and that the windows do not end at same positions due to the
varying trajectories. The results for the 6 walk combinations are given in Table 4. One can see that
partly successive FeetSLAM results in mean error values below 0.5 m for 5 of the 6 walk combinations.
For walk combination 2, we obtained a higher drift which is a result of combining walks with similar
drift. This is a problem that naturally cannot be avoided: When using walks that suffer from similar
drifts, the result of partly successive FeetSLAM will also be drifted.
Table 4 shows the results for a smaller number of walks in a combination. It would have been
expected that the results are getting worse with less number of walks. As it can be realized from the
table, this is not always the case. The reason for it is that the results strongly depend on (i) the drifts
of the walks chosen and (ii) the number of walks ending at a different starting position. With the
multi-user walks, it has been observed that the error is larger at the end of the walks because they
end at different positions. This is also one reason for getting worse when using the trajectories of
more users. For walk combination 2 (8 and 4 pedestrians), a bad walk combination with higher
non-compensating drifts is the reason for getting worse results. The results show that partly successive
FeetSLAM is also successful in the multi-user case except for a bad walk combination.
Table 4. Mean position error e¯ and maximum error emax (in brackets) of 6 walk combinations of
8/6/4 pedestrians starting at different starting positions in front of the building for partly successive
FeetSLAM. The number of iterations was 3 and the window size was 3.
Walk Walk Numbers
Combination n = 8 n = 6 n = 4
1 0.36 (0.82) 0.51 (0.91) 0.37 (0.84)
2 0.72 (2.13) 0.51 (1.02) 0.73 (2.45)
3 0.38 (0.95) 0.38 (0.95) 0.40 (0.85)
4 0.36 (0.94) 0.36 (0.94) 0.37 (0.79)
5 0.48 (0.97) 0.36 (0.81) 0.38 (0.84)
6 0.47 (0.95) 0.48 (0.97) 0.35 (0.8)
5.4. Experimental Results for Motion Mode “Running”
To test the motion mode running, we performed partly successive FeetSLAM on the 3 running
walks. Since we observed slightly more drift due to some missing ZUPTs, we varied the σα-values
applied for windows wj, j ≥ s. The results are shown in Table 5. We obtained similar results for
running as for walking. In walk 2, we observed that we had 4 trajectory results with drifts in the same
direction, which resulted in a drift as well (same problem as mentioned before). Therefore, the results
are worse than the others. For walk 3, we observed that the results for one sensor was worse than the
others when using σα(tj−s) = 2.0 ∀wj, j ≥ s. With higher diversity for the heading we could solve this
problem (see results for σα(tj−s) = 3.0 ∀wj, j ≥ s), which slightly worsened the results for walk 2 by
increasing the wrong average drift direction of the different sensor results.
For motion mode running, we had to adapt the ZUPT-threshold in the lower PDR. In addition,
we had to enlarge fs slightly, because the distance estimated was slightly lower than the real distance.
Running is for instance intensively investigated in [32] for a motion capture suit. In addition to the fact
that reasonable results are obtained with the motion mode running, a more comprehensive study of the
lower PDR including ZUPT detection in the case of different motion modes like crawling, crouching,
or foot drift is needed in order to adaptively adjust the parameters to different motion modes.
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Table 5. Mean position error e¯ and maximum error emax (in brackets) of 3 multi-sensor running walks
with 6 sensors mounted on the foot starting in front of the building for partly successive FeetSLAM.
The number of iterations was 3 and the window size was 3.
Walk σα(tj−s) = 2.0 σα(tj−s) = 3.0
Number ∀wj, j ≥ s ∀wj, j ≥ s
1 0.42 (1.40) 0.36 (1.10)
2 0.76 (2.37) 0.84 (3.17)
3 0.48 (4.10) 0.37 (1.31)
5.5. Experimental Results for Disturbed Starting Conditions
Whereas disturbances of the SCs will lead to a shifted and rotated map in the case of wearing
multiple sensors located on the foot—the map will not be correctly pinned to the global navigation
frame but correctly estimated—they will influence the map estimation in the multi-user case.
To evaluate the impact of disturbances of the SCs in the multi-user case, we tested one of the data sets
(multi-user walk combination 1, 8 walks) with (i) higher sigma values for the SCs and (ii) disturbed
SCs. In the first case, we applied two combinations for the sigma values as given in Table 6, lines 1 and
2, as the first SC SC
wj
i0
(t0) ∀ j < s. In the second case, we added randomly ±0.2 to the mean values of
the known x, y-positions and 2.0 deg to the mean angle, and applied the sigma values of Table 6, line 3.
Table 6. Varied sigma values for the SCs.
Sigma
Combination σpx(t0) σpy(t0) σα(t0) σ fs(t0)
1 0.5 0.5 1.0 0.0
2 2.0 2.0 4.0 0.0
3 0.5 0.5 2.0 0.0
The results are given in Table 7. One can see that with moderate uncertainties on the SCs, the results
are comparable to those of applying no uncertainty. In addition, if the SCs are disturbed, we achieved
also comparable results. As a result that we can add uncertainty to the SCs, partly successive FeetSLAM
is able to handle disturbances of the SCs. If we apply high uncertainty to the SCs, the values are much
worse. We observed that the resulting map seemed to be correctly estimated but it was shifted in
x- and y-directions and not rotated. That leads us to the conclusion that the algorithm is not very
sensitive to uncertainties in the heading angle and that it is nevertheless possible to obtain a reasonable
map that might only be shifted. Due to the fact that we used similar trajectories, the curves in the
trajectories lead to convergence. In addition, because the algorithm can handle heading uncertainties
we are convinced that the heading angle correction is most probably obsolete.
Table 7. Mean position error e¯ and maximum error emax (in brackets) of the first walk combinations
of 8 pedestrians starting at different starting positions in front of the building for partly successive
FeetSLAM. The number of iteration was 3 and the window size was 3. The results are given for varying
sigma values for the SCs (line 1 and 2) and additionally disturbing the SCs (line 3). The respective
sigma values are given in Table 6.
Sigma
Combination e¯ (emax)
1 0.58 (0.94)
2 1.42 (1.79)
3 0.62 (0.97)
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6. Conclusions
The main problem for inertial pedestrian navigation is the inherent drift of the IMU sensors.
This drift can be reduced for instance with a SLAM technique when revisiting areas. However,
in emergency applications, the assumption of revisiting areas in indoor scenarios does not always hold.
Moreover, signals of opportunity might not be available to make use of them because they depend
on the availability of infrastructure. Therefore, a new technique called partly successive collaborative
FeetSLAM is proposed that is able to reduce the drift by combining either the trajectories of multiple
sensors worn by a single pedestrian or combining trajectories from multiple users following similar
paths. With the new partly successive FeetSLAM algorithm, the mean error in indoor areas can
be reduced to ≈0.5 m. Partly successive FeetSLAM can be performed in real-time and is especially
advantageous when exploring new areas. This will help positioning based on inertial measurements
in large rooms like an atrium or a factory hall, where FootSLAM has no chance to converge when there
is no loop closure and a quasi random walk is performed.
In future work, partly successive FeetSLAM is combined with GNSS or, e.g., UWB in order to
obtain the starting conditions, which are assumed to be known in this paper. The robustness of the
algorithm will be tested with different motion modes. In addition, we will continue investigating the
successive collaborative mapping especially for localization in large open environments. Furthermore,
the communication part for collaborative SLAM will be investigated and integrated, and the algorithm
will be tested in real scenarios. The overall goal of the work was to provide seamless outdoor/indoor
navigation for professional use cases that is very accurate and reliable over a long period of time.
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